The range expansion of zebra mussels (Dreissena polymorpha) in North America has been rapid and costly in both economic and ecological terms. Joint social, political, and scientific ventures such as the 100th Meridian Initiative aim to reduce the spread of zebra mussels by eliminating the unintended transport of the species and preventing its westward expansion. Here we forecast the potential distribution of zebra mussels in the United States by applying a machine-learning algorithm for nonparametric prediction of species distributions (genetic algorithm for rule-set production, or GARP) to data about the current distribution of zebra mussels in the United States and 11 environmental and geological covariates. Our results suggest that much of the American West will be uninhabitable for zebra mussels. Nonetheless, some catchments along the West Coast and in the southeastern United States exhibit considerable risk of invasion and should be monitored carefully. Possible propagule dispersal to these places should be managed proactively.
B
iological invasions are the greatest threat to freshwater biodiversity worldwide (Sala et al. 2000 , Lodge 2001 ). In the United States, the rapid invasion of aquatic ecosystems by zebra mussels (Dreissena polymorpha) has cost tens of millions of dollars (Deng 1996 , Leung et al. 2002 and has caused declines in the richness and abundance of endemic unionid mussels, an important component of North American freshwater biodiversity (Griffiths et al. 1991 , Williams et al. 1993 , Schloesser and Nalepa 1994 , Nalepa et al. 1996 , Ricciardi et al. 1998 . Two questions are crucial for effectively managing the ongoing zebra mussel invasion: Will zebra mussels continue to spread in North America, or do they already occupy most of their potential range? If they continue to spread, will the spread be to regions containing a highly diverse and endemic unionid fauna? Practical questions such as these about the control and management of zebra mussels require reliable, quantitative forecasts of their potential distribution in the United States.
Previous forecasts of the potential distribution of zebra mussels in North America have focused on pH (Neary and Leach 1992, Ramcharan et al. 1992) , dissolved calcium (Neary and Leach 1992 , Ramcharan et al. 1992 , Mellina and Rasmussen 1994 , substrate size (Mellina and Rasmussen 1994) , air temperature (Strayer 1991) , frost frequency (Strayer 1991) , and precipitation (Strayer 1991) as limiting factors. Dissolved calcium and pH are clearly biologically meaningful predictors of habitat for any mollusk; this relationship has been empirically confirmed for zebra mussels (Ramcharan et al. 1992, Mellina and Rasmussen 1994) . Most forecasts of potential zebra mussel distribution have been at state or regional scales (Neary and Leach 1992, Koutnik and Padilla 1994) , largely because measurements of water chemistry on a national or continental scale are unavailable. The only forecast at the continental scale used air temperature alone to predict the potential zebra mussel distribution in North America (Strayer 1991) . Even if average temperature is associated with the distribution of zebra mussels, it need not be a causal factor for determining their distribution or even a good predictor of possible habitat (Strayer 1991) . Furthermore, there has been no formal analysis of the uncertainty in these projections. We conclude, therefore, that this analysis is not sufficiently informative to provide a basis for best management practices and should be updated. In our view, a study that considers multiple factors is more likely to accurately predict the potential distribution of zebra mussels, even if the causal mechanisms associated with each factor are unknown. Also, a more rigorous approach to quantifying uncertainty would be useful for making decisions about the trade-offs that necessarily occur when the costs of prevention, control, and management must be considered simultaneously. A new forecast of the potential distribution of zebra mussels in the United States is undoubtedly timely.
Machine-learning algorithms, coupled with fast microcomputers, enable reliable large-scale nonparametric analyses to predict species distributions from geographical and ecological data (Peterson and Vieglais 2001) . A genetic algorithm for rule-set production (GARP) has been used to select predictive models of species ranges (Peterson and Robins 2003) . Other applications of this algorithm have included testing hypotheses about the relative importance of ecological and geographic differences to the speciation rates of birds, mammals, and butterflies ; testing hypotheses about the role of competition in determining the distribution of pocket mice (Anderson and Peterson 2002) ; predicting the effects of global climate change on species distribution ; and identifying reservoirs for Chagas disease . Compared with other algorithms for predicting species occurrences, GARP is relatively reliable and well validated. Initial testing has shown that it is insensitive to the lack of absence data and relatively unbiased compared with other algorithms and that it converges with minimal data (n ≈ 50; Stockwell and Peterson 2002b) . In previous analyses, consistently accurate predictions were obtained using only five factors (Peterson and Cohoon 1999) , and predictions for three species were validated externally by double-blind expert opinion (Anderson et al. 2003) . Finally, a best-subset technique aids model selection and forecasting (Berk 1978 , Anderson et al. 2003 .
Here we report the results of a study that used GARP to model the potential distribution of zebra mussels in the United States, based on 11 environmental and geological variables. To predict the potential distribution of zebra mussels, we took a new approach to quantifying uncertainty in spatial forecasts generated using GARP. Our analyses constitute the most complete forecast to date of the potential distribution of zebra mussels in the United States.
Model factors and current zebra mussel distribution
Observations (n = 2416) of zebra mussels between 1988 and 2003 were obtained from the US Geological Survey's Nonindigenous Aquatic Species database (http://nas.er.usgs.gov). Digital maps of six environmental factors (average annual temperature, frost frequency, annual precipitation, solar radiation, minimum temperature, and maximum temperature) and five physical or geological factors (bedrock geology, elevation, flow accumulation, slope, and surface geology) were obtained for the entire United States, at a resolution of 0.1 decimal degrees (°), from a variety of sources (box 1). These factors were considered candidate predictors for zebra mussel distribution on the basis of their possible direct and indirect effects on zebra mussel habitat. Specifically, because large-scale maps of the water-chemistry characteristics that are known to be important predictors of zebra mussel habitat are not available, we follow Koutnik and Padilla (1994) in using geological variables (bedrock geology and surface geology) as surrogates.
Assessing model errors
Predicting species occurrences results in two primary types of error: omission errors and commission errors. Omission errors, which result from failing to predict a location that is known to be invaded, are accounted for in straightforward ways. But commission errors, which result from predicting potential habitat where none exists, are confounded with observation error due to sparse sampling. Furthermore, correct predictions may be incorrectly interpreted as commission errors if habitable places have simply not yet been invaded because of dispersal limitation or some other temporary factor. These three causes of disagreement between models and data-true commission errors, observation errors, and correct predictions masked as commission errors-are commonly described as pseudo-commission errors (Peterson et al. 2002c , Anderson et al. 2003 . If an invasion has just begun, or if the sampled area is small compared with the total habitable area, pseudo-commission errors may be dominated by predictions of potential habitat. However, this case is indistinguishable from those in which most of the pseudo-commission errors that cause models to perform poorly are in fact true commission errors. These issues are discussed in detail by Anderson and colleagues (2003) . We sought to reduce omission errors and true commission errors using a two-step process for model construction. First we used multiple regression to select factors that reduced the number of extrinsic omission errors (test points falling outside the predicted range). Then we used the best-subsets technique of Anderson and colleagues (2003) to select models that optimized predictive accuracy.
Model construction
Predicting range distributions requires finding a balance between overfit models (which spuriously explain a great deal of the variation in the data) and underfit models (which predict poorly). Therefore, we took a two-step approach to identifying important factors for predicting the potential distribution of zebra mussels and reducing error. We followed our analysis with two procedures for internal model validation. Like cross-validation and other methods for validation when independent experimental data are unavailable, these steps ensured that we would select the best available models, but they did not guarantee predictive accuracy under extrapolation outside the range of observations.
Step 1: Selecting factors. We iterated GARP 7245 times, with three replicates of all possible combinations of 11 environmental and geological factors (box 1), using four types of rules (atomic rules, range rules, negated range rules, and logistic regression; Stockwell and Peterson 2002a) . Next, we performed multiple regressions, using SAS (Statistical Analysis System) version 8.2, to identify factors associated with omission error and factors that were important for making predictions (positively associated with pseudo-commission error). Six factors were negatively associated with omission error (i.e., including these factors in the model decreased the average rate of error). One factor, minimum temperature, was positively associated with omission error and therefore was not included in the final model. Another factor, average annual temperature, was not significantly associated with predictions and was also excluded from the final model.
Step 2: Generating the final model. The final model was obtained by iterating GARP 1000 times and using the bestsubset technique of Anderson and colleagues (2003) to obtain 100 models that reduced both omission error and true commission error. Besides specifying the rules from which the algorithm can select to predict occurrences, GARP in no way constrains the model structure or parameterization, which may differ among iterations. The full model, or model I, for the potential distribution of zebra mussels (figure 1) shows the fraction of best-subset models identifying zebra mussel habitat at each pixel of a map of the United States. We believe that the gradient in this map should be interpreted as a measure of the confidence we place in our predictions of zebra mussel invasion. Because we are concerned with socially acceptable risk and not with inference, the usual approach of assigning confidence intervals or of determining statistical significance would be inappropriate. Instead, decisions should be made based on the frequency with which a pixel is predicted to be habitable and on the repeatability of those predictions with different models or data.
Model validation
There are no independent data sets containing both distribution data about zebra mussels and the environmental and geological maps we need for validating the results of our analysis. Even if there were, it is unclear how useful these would be for predicting the potential distribution of zebra mussels in North America, because of the considerable differences in life history and natural history between populations in North America and elsewhere (Mackie and Schloesser 1996) . Therefore, we used two techniques to internally validate the predictions of our model. First, we observed that direct causal effects of certain factors included in model I are tenuous at best. Therefore, we selected six factors that could plausibly restrict the distribution of zebra mussels (frost frequency, maximum annual temperature, elevation, slope, bedrock geology, and surface geology). In particular, we were concerned that the boundary between habitable and uninhabitable areas predicted by model I (approximately overlying the region between 95°a nd 100°west [W]; figure 1) might be a spurious effect caused by the inadvertent correlation of precipitation with the current distribution of zebra mussels in North America. We iterated GARP to obtain 100 best subsets of the model excluding flow accumulation, precipitation, and solar radiation. We refer to the resulting model as the biological model, or model II. Preliminary results from this analysis revealed that precipitation was not driving this division; further inspection indicated that this line was associated with an elevation threshold around 500 meters (m). Therefore, we also constructed a model (model III) based on a further subset of these variables, eliminating elevation. A comparison of the differences between this model and models I and II shows the importance of elevation to our overall analysis. Since a species might be restricted by different factors at different boundaries of its range, these analyses help to distinguish the contributions made to the full model by different classes of variables.
Second, we cross-validated model I to determine the sensitivity of our results to the number and current distribution of observations. We randomly assigned each zebra mussel observation to one of two subsets. For each of these subsets, we iterated GARP, obtaining 100 best subsets. The composite maps compiled for each of these models were then compared by calculating the absolute differences between the composite maps for each subset (i.e., the difference in the number of times the area represented by each pixel was predicted to be habitable) to create a reliability map. Large differences between the subset maps indicate where our predictions from model I are unreliable (i.e., projections are sensitive to the particular data used to create the map). Because the total data set was divided for cross-validation, model I was obtained with twice as much data as either of the subset models. Similarly, large differences between the three models indicate predictions that are sensitive to model factors.
Factors selected and model comparisons
Factors associated with omission errors (determined by multiple regression) are shown in table 1; factors associated with pseudo-commission errors (predictions) are shown in table 2. The full model (model I), reflecting the contributions of nine factors (bedrock geology, elevation, flow accumulation, frost frequency, maximum temperature, precipitation, slope, solar radiation, and surface geology), is presented in figure 1 . The biological model (model II), reflecting the contributions of six factors (bedrock geology, elevation, frost frequency, maximum temperature, slope, and surface geology), is presented in figure 2 . When these models are compared, there is a 90 percent overlap in the areas that have nonzero values. Excluding elevation from the biological model, model III (figure 3) differs considerably from both models I and II. The reliability map, showing areas for which the model predictions are highly unreliable, is presented in figure 4 . Inspection of this map suggests that most predictions are quite reliable, and indeed could have been obtained with considerably less data. The areas that are most unresolved are southern Appalachia; portions of Michigan and Maine; the southern edge of the southeastern United States, including parts of Texas and most of Florida; and the boundary between the eastern part of the United States, which provides potential habitat for zebra mussels, and the western part, which the mussels cannot inhabit. The differences between models I and II (figure 5) and between models I and III (figure 6) reveal how well each of the two simpler models reproduces the full model.
Regional predictions
The most prominent feature of our full model (figure 1) was the boundary between the region of moderate to high invasion risk in the eastern and midwestern states and the region of low invasion risk comprising the Great Plains and western states. This boundary is imprecise, but it occupies approximately the region between 95°W and 100°W. This result has important implications for the 100th Meridian Initiative (www.100thmeridian.org), which seeks to prevent the westward expansion of zebra mussels beyond this line. Model II (figure 2), the biological model, preserves this feature, while model III (figure 3) does not. We conclude that this boundary is driven primarily by elevation, the only factor included in model II but not in model III.
The boundary at 100°W is consistent with the existing range of zebra mussels. From 1986 to 1993, zebra mussels ex- Biologist's Toolbox Figure 2 . Potential range of zebra mussels in the United States, based on a biological model (model II) including six environmental and geological factors (frost frequency, maximum annual temperature, elevation, slope, bedrock geology, and surface geology). One hundred predictions of the biological model were selected using a best-subsets method and combined to forecast relative susceptibility to zebra mussel invasion at a resolution of 0.1 decimal degrees. Points on the map represent locations where zebra mussels had been observed as of 2003; shading represents the predicted likelihood of invasion (from 0 to 100 percent). panded their range from the Great Lakes to Oklahoma, reaching as far west as 95.3°W (http://nas.er.usgs.gov). In the past 10 years, however, adult zebra mussel populations have expanded their range westward by only 1°. In August 2003, adult zebra mussels were discovered in a reservoir in Kansas, which lies at 96.5°W (http://nas.er.usgs.gov). In the summer of 2003, juvenile zebra mussels were also discovered at two locations in the Missouri River, at 97.5°W and 98.5°W. Our model suggests that this cessation of western spread may be a natural occurrence caused by environmental and geological factors. The full model distinguishes a gradient of invasion risk. For the most effective use of limited resources for controlling zebra mussel invasions, the degree of invasion risk in an area must be considered alongside the economic and environmental costs of invasion in that area. Regions we have identified as being at high risk include the southeastern United States, a band along the eastern seaboard, and three catchments along the Pacific coast (the Colorado River, the Columbia River, and the Central Valley of California). Low-risk regions include the Appalachian Mountains and most of the western states, including the Great Plains and Rocky Mountain regions.
Of the three western river systems that we predict to be at high risk of zebra mussel invasion, the Colorado River is the least at risk, with less than 50 percent of the model I runs predicting potential habitat. Model I has the highest predictive power of the three models but is also the most obscure, because it relies on variables not obviously causally associated with zebra mussel persistence. Model II increases the estimated invasion risk for the Colorado River (to about 50 percent), although comparison with model III reveals that this prediction is driven almost entirely by elevation. The Columbia River system, in contrast, shows considerably more heterogeneity within the system. Model I indicates that invasion risk is considerably higher near the coast than at higher elevations. This result is not driven by the effect of elevation in the model, however. By comparison, model III shows small-scale patchiness, which we interpret as an indication that model III is unreliable for this river system. Also, we observe that model II increases the predicted invasion risk for central regions of the Columbia River basin when compared with model I. Finally, model I suggests that the Central Valley of California (Sacramento River and San Joaquin River) is moderately susceptible to invasion by zebra mussels, with an invasion risk of about 50 percent. This projected risk increases if we consider only models II and III, both of which predict an invasion risk approaching 100 percent. These predictions are consistent with analyses conducted in California, based on water quality (Weinstein and Cohen 1998) . Thus, even though there are some differences among our maps, our predictions Biologist's Toolbox Figure 3 . Potential range of zebra mussels in the United States, based on a biological model that did not include elevation (model III). One hundred predictions of this model were selected using a best-subsets method and combined to forecast the relative susceptibility to zebra mussel invasion at a resolution of 0.1 decimal degrees. Points on the map represent locations where zebra mussels had been observed as of 2003; shading represents the predicted likelihood of invasion (from 0 to 100 percent). for these three river systems are reliable. Considering the potential risk to these river systems, management of zebra mussel invasions should focus on propagule pressure at potential points of entry into these regions, and particularly on transport of zebra mussels by recreational boaters.
Turning to our projections of invasion risk in the Southeast, where the species richness of unionid mussels is especially high (figure 7), we observe that this region is highly susceptible to zebra mussel invasion, according to model I (with the risk of invasion approaching 100 percent). In the Southeast, unlike the western river systems, models II and III show a significantly lower invasion risk than model I, diminishing our confidence that the region is habitable by zebra mussels. However, this only reduces the risk from high (approaching 100 percent) to moderate (about 50 percent). Given the high density of endemic unionid species, even the lowest estimates of invasion risk in the Southeast are worrisome. We reiterate that even if our models suggest that a region is habitable by zebra mussels in only 50 of 100 models, this is unacceptably high in light of the high biodiversity losses to be expected from invasion by zebra mussels.
In addition to forecasting the potential distribution of zebra mussels, our analysis allows some degree of validation. For instance, elevation, which is an important factor in models I and II, might be a spurious predictor of zebra mussel distribution. Therefore, we compared our predicted elevation threshold (about 500 m) with the recorded distribution of elevation in the zebra mussels' native European and Asian ranges (Strayer 1991) , where, because of a long ecological history, dispersal should not limit the present distribution. The known distribution of zebra mussels in Europe suggests that zebra mussels are uncommon above 500 m, further increasing our confidence in models I and II.
Some specific model results are also important validations of the overall analysis. Previous studies that focused on temperature (Strayer 1991) and geology (used as a surrogate for water chemistry; Koutnik and Padilla 1994) were in many ways consistent with our results. Areas of igneous and metamorphic bedrock in Michigan and Wisconsin exhibited a low estimated risk of invasion, consistent with the relatively few observations of zebra mussels in these regions despite their location within the observed North American range. Like Strayer's (1991) temperature-based predictions, our models' estimates of the invasion risk on the coast of the Gulf of Mexico were low, though populations of zebra mussels already exist in Louisiana. Unlike Strayer, however, we incorporated other factors into our models, which generated more heterogeneous predictions. Although these erroneous predictions should be taken seriously, they are not too troubling, as one expects some errors (we would believe our model to be overfit if there were none), and the estimated reliability of projections in the Gulf of Mexico region is low (figure 4). In contrast, cross-validation suggests that our projections for much of the southeastern United States and the Columbia Finally, the differences between model I and models II and III illustrate, at a broad scale, areas where our forecasts are driven largely by biologically plausible factors (model II; figure 5 ) and by elevation (model III; figure 6 ). The total area of disagreement between model II (the biological model) and model I (the full model) consists of less than 10 percent of the entire United States. The differences between model III (model II without elevation) and model I are more substantial, particularly in the central Great Plains region and the Southeast. However, the Southeast was already identified in cross-validation as a region where model I is uncertain. Predicted risk of invasion in the central Great Plains, however, increases considerably when elevation is removed from our model. Despite these differences, there is agreement among all three models concerning the relative sparseness of zebra mussel habitat in and west of the Rocky Mountains, with the exception of the Colorado and Columbia River basins and the Central Valley of California.
Evaluation of the genetic algorithm for rule-set production
Researchers predicting the potential distribution of nonindigenous species, like those making other ecological forecasts, are beset by several obstacles. First, the factors that limit the growth and spread of species in the native region may differ from those in the invaded region. Indeed, factors that restrict the spread of a species may never have been identified, or the required data may be unavailable. Unfortunately, this situation is typical even for the most highly studied species, such as zebra mussels. Second, empirical validation of models that predict spread is likewise thorny. Invasions are typically unique events. Since they are not repeated, inferences from previous invasions are indicative only of possible behavior, at best. Finally, the fit of model predictions to data is obscured by multiple sources of error (Peterson et al. 2002c , Anderson et al. 2003 .
The steps in our analysis of zebra mussel distribution should minimize the known limitations to species range predictions. To restrict the influence of these limitations on our results, we used a two-step process: (1) When selecting factors to include in the final model, we used a statistical technique devised to eliminate factors associated with high error rates, and (2) we combined multiple (best-subset) outputs for a composite prediction. After the final model was generated, we compared it with others that were specifically chosen to reveal model dependencies, including a model with only biologically relevant factors, a model excluding elevation, and cross-validated models generated from a subset of the total data. With these steps, we could explicitly quantify uncertainty and identify the factors, such as elevation, that could lead to spurious results.
Predicting species occurrences is an active area of research (Scott et al. 2002) . On the basis of this study, we believe that two aspects are especially important for further consideration. First, researchers must develop methods to identify the factors that causally determine species ranges, and not simply make predictions based on correlations. Identifying causal factors will help to determine potential interventions for controlling the spread of invasive species and will result in more reliable predictions. Unfortunately, although data on many potentially casual factors are frequently collected by many different government agencies (e.g., US Geological Survey, US Environmental Protection Agency, US Department of Agriculture), these data-and especially data on water quality relevant to aquatic organisms-are not easily available on a broad scale. Further steps should be taken, possibly in connection with NEON (National Ecological Observatory Network), to compile existing data and collect new data that will further aid in the prediction of invasive species' potential ranges. An online clearinghouse where such spatial data could be downloaded would be especially useful, as invasion biologists often must make forecasts and management recommendations rapidly, and they currently do so with a paucity of information.
Second, additional methods for model validation are imperative. The cross-validation technique we describe here pertains only to the relative reliability of models derived from the ongoing zebra mussel invasion of North America. Bias in the estimated reliability of models can result from spatially autocorrelated observations. Furthermore, forecasts based on extrapolation of model results outside the observed range are potentially misleading, especially if the invasion is ongoing and has failed in some areas only because of low propagule pressure. These objections do not apply to our analysis, for three reasons. First, the range expansion of zebra mussels appears to have stalled, having advanced rapidly during the first decade of the invasion but very little since 1993. Second, because zebra mussels occupy practically the full extent of the projected area from north to south and a considerable distance from east to west, observations derive from a variety of environments and reflect the ranges of most predictive factors (although this does not extend to variables that have a considerable east-west gradient, such as precipitation and elevation). Finally, given the tremendous propagule pressure supplied by recreational and commercial users of North American waterways, although propagules have not been introduced to all ecosystems of the United States, introductions probably have occurred in all regions. The lack of zebra mussel observations in a region therefore reasonably indicates that the risk of invasion in that region is low. Unfortunately, for invasions that are just beginning, these conditions will not apply.
Conclusions
The genetic algorithm for rule-set production is a powerful tool for predicting the potential susceptibility of regions to invasive species, particularly when issues of model dependency and uncertainty are addressed. Using this method to analyze the risk of zebra mussel invasions in the United States, we predict that invasion risk will be high throughout the Midwest (where zebra mussels are already well established) and in other areas of the country, including three western river systems (where potential economic costs are high), the Southeast (where potential losses of native unionid biodiversity are high), and along the eastern seaboard. We do not predict that zebra mussels are as likely to establish in most areas west of 100°W. For this reason, we suggest that federal resources to control the spread of zebra mussels should be concentrated in the Southeast, at points of entry to western river basins, and in regions where zebra mussels already exist.
